This paper investigates the information transmission between the most important cryptocurrenciesBitcoin, Litecoin, Ripple, Ethereum and Bitcoin Cash. We use a VAR modelling approach, upon which the Geweke's feedback measures and generalized impulse response functions are computed. This methodology allows us to fully characterize the direction, intensity and persistence of information flows between cryptocurrencies. At this data granularity, most of information transmission is contemporaneous. However, it seems that there are some lagged feedback effects, mainly from other cryptocurrencies to Bitcoin. The generalized impulse-response functions confirm that there is a strong contemporaneous correlation and that there is not much evidence of lagged effects. The exception appears to be related to the overreaction of Bitcoin returns to contemporaneous shocks.
INTRODUCTION
Cryptocurrencies, sometimes referred to as virtual or digital currencies, may be considered a medium of exchange in certain contexts, but they do not yet possess all the properties and features usually attributed to money. According to the traditional view (based on Jevons, 1896) , money has three main functions: i) it serves as a medium of exchange, ii) it is used as a unit of account and iii) it serves as a store of value. Cryptocurrencies have no legal tender and therefore their acceptance as a medium of payment is not guaranteed anywhere, even in the virtual network. Additionally, given their high price volatility, cryptocurrencies are certainly not a good way to store nominal or real value. In fact, it is now well-know that cryptocurrencies behave differently from traditional currencies. For instance, the returns on cryptocurrencies are more volatile and exhibit heavier tails, and hence cryptocurrencies are riskier than "real currencies" (Gkillas and Katsiampa, 2018) . At most, cryptocurrencies can be viewed as a new kind of tradable speculative asset, which can work as imperfect substitutes for traditional currencies.
Nevertheless, cryptocurrencies quickly became a global phenomenon. Coinciding with the international financial crisis of 2008, and the associated lack of confidence in the financial system status, cryptocurrencies started to have an important place in the international financial landscape, attracting extensive attention from media, financial and government institutions, institutional and individual investors, academic researchers, and the public in general (Yermack, 2014; Dyhrberg and Haubo, 2016; Osterrieder et al., 2017; Phillip et al., 2018) .
The early work on cryptocurrencies naturally concentrated on Bitcoin (the first cryptocurrency), and came from the fields of computer sciences, cryptography and law, therefore focusing on the technical and methodological features of the Bitcoin network, on mining activity, on blockchain knowledge and on the security and legal issues of the cryptocurrency concept (see, for instance: Barber et al., 2012; Bradbury, 2013; Reid and Harrigan, 2013; Ron and Shamir, 2013; Eyal and Sirer, 2014; Bohme et al., 2015; Karame et al., 2015; Tu and Meredith, 2015) . Since then, the cryptocurrency literature approaching the issue from a financial perspective has been growing at an exponential pace. This has been driven in part by the explosive price behaviour (and high media coverage), but it is also due to the academic community's perception that the world of cryptocurrencies is an excellent worldwide financial laboratory, with a huge number of players, low entry costs and a lot of publicly available information. Still, most of the literature has been focused on Bitcoin.
Our paper contributes to the existing literature by investigating the connections between a broad spectrum of cryptocurrencies. Our main goal is to assess the direction, intensity and persistence of information flows between the five most important cryptocurrencies (at the time of writing): Bitcoin, Ethereum, Ripple, Litecoin and Bitcoin Cash. Arguably, these cryptocurrencies compete between them and share the same price formation determinants. Therefore their prices should be closely related, not only in the long-but also in the short-run. In fact, our results show that most information transmission between the prices of these cryptocurrencies occurs within a day. Nevertheless, some lagged information flows are visible. One would expect that, if these lagged effects exist, the information would flow from the Bitcoin market to the other cryptocurrencies, as Bitcoin's is the oldest and most mature cryptocurrency market, and is also the most important in terms of blockchain and exchange trading volume. Surprisingly, what we find is that not only there is not any Bitcoin dominance in terms of information flows, but in fact most of the lagged feedback occurs in the other direction, from other cryptocurrencies to Bitcoin.
The remainder of the paper is organized as follows. Section 2 describes the main features of cryptocurrencies and presents the five most important cryptocurrencies. Section 3 provides a brief literature review, with a focus on market efficiency. Section 4 presents the data and characterizes the cryptocurrencies' markets in term of several trading variables, such as volume, capitalization, price and return. Section 5 presents the VAR analysis, Geweke feedback measures and generalized impulse response functions. Section 6 concludes the paper.
THE WORLD OF CRYPTOCURRENCIES
Cryptocurrencies have been feeding both dreams and nightmares. They embody a new technology that -some hope and others fear -will change the way we do many things, not just payments. The new avenues opened up by this technology -and the corresponding benefits and risks -are still under construction/discussion (see, e.g. Guesmi et al., 2018) . In the meantime, both potential users and speculators are pouring into cryptocurrencies. To them, cryptocurrencies offer lower transaction costs, peer-to-peer (P2P) transactions, a market where government intervention is still small, and the possibility of cross-border usage (Baur et al., 2018) .
Following the seminal work of Nakamoto (2008) on electronic payment systems based on cryptographic proofs, and the creation of Bitcoin in 2009 as the first decentralized ledger currency, a multiplicity of cryptocurrencies, most of them created via initial coin offerings (ICOs), and exchanges have emerged over the last decade. Bitcoin is considered the first successful attempt at creating a digital currency. However, academic interests in anonymous communication research date back to the early eighties. The first commercial digital currency, called DigiCash, was launched in 1990, offered anonymity through cryptographic protocols (Chaum, 1981; Phillip et al., 2018) . But the double-spending problem wasn't properly solved, i.e., there was no mechanism to prevent the currency holder from using it in more than one payment. This problem was only solved by the algorithm and cryptographic protocol, the so-called blockchain, created in 2008 by a person or group of persons under the pseudonym Satoshi Nakamoto.
The success of Bitcoin and other cryptocurrencies is astonishing, considering the increasing number of coins and tokens, total market capitalization, trading volume and price appreciation. Currently, the Wikipedia site lists 47 active cryptocurrencies. However, some aggregation sites that compile trade information, such as CoinMarketCap (https://coinmarketcap.com/), claim that there are over 1500 cryptocurrencies with a market capitalization of around 400 billion USD, and more than 10 thousand exchanges that are venue to a total daily trading volume that surpasses 30 billion USD (information obtained on May 1, 2018, from CoinMarketCap). These astonishing figures, coupled with the recent explosive price appreciation of the most important cryptocurrencies, have attracted many speculators and investors. Thus, it is not surprising that nowadays interest in cryptocurrency markets is not limited to technology enthusiasts and to those who value anonymity (Wei, 2018) . Despite Bitcoin's capitalization being already less than half of the total market capitalization of cryptocurrencies (37% on May 1, 2018), Bitcoin continues to be, without any doubt, the most widely known digital currency, with the highest capitalization index and the largest number of users in digital networks and online exchanges. Bitcoin was projected as an anonymous alternative to the centralized banking system, as a decentralized peer-topeer (P2P) network that allows for the proof and transfer of its ownership without the need for an intermediary or any central monetary authority. All transfers are grouped into blocks and recorded in a large distributed public ledger, the blockchain, which thus contains the whole history of accepted Bitcoin online transactions. Bitcoins are sent and received via Bitcoin addresses, which are cryptographic identities, and, for the trade to take place, a private Bitcoin key of one user has to match the public Bitcoin key of another user. Because there is no central processing authority, transactions between users must be confirmed by consensus, and hence the overall blockchain is constantly validated by Bitcoin participants. Two key advantages emerge. First, it offers protection against fraud. Second, it eliminates intermediaries, reducing the costs and delays in transactions. In other words, this framework increases efficiency (Sebastiao et al., 2017; Guesmi et al., 2018; Ziegeldorf et al., 2018) .
At the core of the Bitcoin P2P electronic payment system is the mining process. Bitcoin "miners" invest computing power to validate trades (by solving a complex mathematical algorithm) and to facilitate the protection of transaction records through hashing. New Bitcoins are generated as recompenses to the "miners". This is in fact the only way to create new Bitcoins. Arguably, these validating costs are cheaper when compared with the costs of a traditional payment system. According to the cryptographic protocol, the number of new Bitcoins generated per block started at 50BTC and decreases by half every 210,000 blocks. Given that a block is generated on average approximately every 10 minutes (Li and Wang, 2017) , the issuance rate of Bitcoins is expected to diminish over time at a predictable rate, depending on the number of "miners" and traders, technological advances and energy costs. Contrary to fiat currency, where the money supply can be discretionarily increased by the central monetary authority, the total number of Bitcoins to be issued was previously capped at 21 million. At the current pace, this number will be reached in 2140 (see, e.g., Bariviera et al., 2017) . This has strong implications for the market value of Bitcoins as it introduces a potential deflationary trend.
The rapid market capitalization growth and the exponential growth of the globalized use of Bitcoins led to the emergence of other cryptocurrencies. Amongst more than 1500 cryptocurrencies currently operating in the various networks and exchanges, Ethereum, Ripple, Litecoin and Bitcoin Cash stand out by its price, trading volume and competitive power against Bitcoin. Together, these five cryptocurrencies represent currently about 90% of the total cryptocurrency market capitalization. Although there are some similarities to the Bitcoin's decentralized P2P network, there are also several differences between those cryptocurrencies and Bitcoin, which warrant a more detailed presentation of these cryptocurrencies.
Ethereum is also a P2P network, but, unlike Bitcoin, it has no theoretical supply limit. Nevertheless, the protocol will achieve an "ice age" were mining difficulty increases exponentially, such that in fact supply is capped at 100 million coins. The Ethereum protocol focuses on providing a platform that facilitates building applications on its public blockchain and such that any user can use it as a decentralized ledger. For instance, Ethereum provides additional features that enable the digital platform to run smart contracts (Ciaian et al., 2018) . These characteristics help explain the interest that Ethereum has attracted since its creation in 2015. However, being new, decentralized and with a relatively small market capitalization, its market is considerably more volatile than Bitcoin's (Ciaian et al., 2018) .
As in the case of Bitcoin, Ripple is built upon an open source decentralized consensus protocol, where all transactions and their orders of execution are publicly available. This feature is crucial for preventing double-spending and malformed market transactions. Ripple's protocol also fixes a maximum for the total of coins supply that can be put in circulation through the mining activity (Schwartz et al., 2014) . The growth rate of additionally minted Ripple coins is also decreasing over time, and converges to zero when the supply of coins approaches its maximum. Hence, the Ripple market is also expected to become deflationary. As in the case of other cryptocurrencies with capped supplies, this characteristic encouraged a faster adoption of this virtual currency, as users and "miners" have incentives to acquire coins as soon as possible in order to benefit from a potential future price increase. Created in 2012, Ripple inherently supports faster transactions than Bitcoin, as almost all ledgers are closed within just a few seconds. This feature may explain the fast capitalization of Ripple in recent years and its current prominent position among the most active cryptocurrencies (Ciaian et al., 2018) .
Another cryptocurrency that also tried to complement and to improve upon the Bitcoin's blockchain technology was Litecoin. Launched in 2011, with a fixed supply of 84 million units, this cryptocurrency was also designed to save on the computing power required for the mining process, by requiring miners to solve a less complex problem. Actually, Litecoin is very similar to Bitcoin in its technical implementation, but it primarily differs from Bitcoin by having a smaller block generation time (it is four times faster than Bitcoin, e.g., a block is generated in 2.5 minutes on average), which increases the overall processing speed (Nolting and Muller, 2017) .
More recently, on August 1, 2017, Bitcoin Cash was created, once again aiming to improve on certain Bitcoin characteristics. It can be simply characterized as a "sort of upgrade" of the Bitcoin system. In fact, Bitcoin Cash kept the pre-existing blockchain records, but launched a new, slightly modified version of the Bitcoin code for future blocks (Neudecker, 2017) . The goal was to make the code much more transaction friendly, which was achieved through a significant increase in the maximum size of a block. On the day of its implementation, holders of Bitcoin received one Bitcoin Cash for each Bitcoin held, much like as in the case of a share spin off. By giving a new token to the holders of each Bitcoin, Bitcoin Cash instantly achieved a wide distribution. Bitcoin Cash operates therefore as a new cryptocurrency, able to handle a large volume of small transactions and suitable for ordinary day-to-day use as a medium of payment. However, as with all these new blockchain assets, it remains to be seen whether Bitcoin Cash will be successful in the long-run. It is precisely the unexpectedness of events such as those that surrounded the creation of Bitcoin Cash that today make this new world of cryptocurrencies as admirable as uncertain.
LITERATURE REVIEW
Early studies on the formation of cryptocurrencies' prices and market efficiency can be traced back to Fink and Johann (2014) . In that paper, volatility, turnover, liquidity, returns, price efficiency, and price cointegration of Bitcoin are analysed. The authors show that Bitcoin prices experience extreme returns and high volatility, and that the Bitcoin market is not informationally efficient.
The speculative nature of Bitcoin is well documented in the literature. For instance, Glaser et al. (2014) are peremptory in questioning the motivations behind the implementation of Bitcoin and highlight the resemblance of its exchange activities to pure speculative trading. Yermack (2014) points out that the Bitcoin price exhibits excess volatility, while Bouri et al. (2016) find long-memory features in its volatility. Cheung et al. (2015) observe several short-lived bubbles and three huge bubbles in Bitcoin prices during the period 2011-2013. The existence of speculative bubbles in Bitcoin prices is also evidenced by Cheah and Fry (2015) .
The basic idea that Bitcoin is a pure speculative asset, without any fundamental relationship to macroeconomic and financial variables, triggered another strand of studies examining the speculative nature of Bitcoin. Ciaian et al. (2016) find that market forces and investor attractiveness are the main drivers of Bitcoin prices, and there is no evidence that macro-financial developments have any impact on Bitcoin prices in the long run. Kristoufek (2013) shows a very high correlation between the Google Trends measure, the number of Wikipedia views on Bitcoins and Bitcoin prices. Kristoufek (2015) argues that the Bitcoin price cannot be explained by economic theory; instead the Bitcoin price is driven by speculative investments. Bouoiyour and Selmi (2014) attempt to describe the evolution of Bitcoin's value by regressing its price on several variables such as the market price of gold, Google searches, and the velocity of Bitcoin measured by transaction data. The authors find that only the lagged Google searches were significant at the 1% level. Polasik et al. (2015) also show that Bitcoin price formation is the result primarily of its popularity and the transactional needs of its users, hence concluding that Bitcoin returns are mainly driven by news volume, news sentiment and the number of traded Bitcoins. Dastgir et al. (2018) study the causal relationship between Bitcoin attention (measured by the Google Trends) and Bitcoin returns for the period from January 1, 2013, to December 31, 2017. They observe a bi-directional causal relationship, with the exception of the central distributions from 40% to 80%, meaning that this bidirectional causality mainly exists in the tails of the distribution.
There are several studies aiming to test Bitcoin's informational efficiency directly. Urquhart (2016) uses six different types of efficiency tests and concludes that Bitcoin is inefficient. However, Urquhart also argues that, after an initial transitory phase, as the market matures, Bitcoin is in the process of moving towards efficiency. Nadarajah and Chu (2017) apply eight different tests to a simple power transformation of the Bitcoin returns and conclude for the efficiency of Bitcoin returns. Bariviera (2017) also re-examines the efficient market hypothesis for Bitcoin using Range over Standard Deviation or Rescaled Range and De-trended Fluctuation Analysis methods to detect long memory and variations in informational efficiency, respectively. The author reports that daily returns exhibit persistent behaviour in the first half of the period under study, whereas its behaviour is more efficient since 2014. Tiwari et al. (2018) use a battery of computationally efficient longrange dependence estimators for the period since July 18, 2010 until June 16, 2017, and find that the market is informationally efficient. Vaddepalli and Antoney (2018) compare the time-varying weak-form efficiency of Bitcoin prices in terms of US dollars and euro at a high-frequency level by using permutation entropy. They find that these markets have become more informationally efficient since the beginning of 2016, and that Bitcoin is slightly more efficient in USD prices than in EUR prices. They also find that the higher the frequency, the lower the pricing efficiency is and that liquidity (volatility) has a significant positive (negative) effect on the informational efficiency of Bitcoin.
As we mentioned earlier, most studies on cryptocurrencies focus solely on Bitcoin, but there are some exceptions. Gandal and Halaburda (2014) analyse the competition between several cryptocurrencies and between four online exchanges. The authors found that arbitrage opportunities do not exist for the majority of cryptocurrencies. However, this result might be biased by the small sample size. The authors also conclude that due to the trading frictions between cryptocurrencies and national fiat money, other cryptocurrencies tend to be more efficient and less volatile when their prices are measured in Bitcoins instead of USD. Kim et al. (2016) employ user comments in online cryptocurrency communities to predict fluctuations in the daily prices and transactions of Bitcoin, Ethereum, and Ripple, with positive results, especially for Bitcoin. Phillips and Gorse (2017) show that hidden Markov models based on the behaviour of novel online social media indicators provide the basis for successful trading strategies on several cryptocurrencies. Gkillas and Katsiampa (2018) study the tail behaviour of returns of the major five cryptocurrencies (Bitcoin, Ethereum, Ripple, Bitcoin Cash and Litecoin), using extreme value analysis and estimating Value-at-Risk and Expected Shortfall as tail risk measures. The authors find that Bitcoin Cash is the riskiest, while Bitcoin and Litecoin are the least risky cryptocurrencies. Sovbetov (2018) examines the factors that influence weekly prices of Bitcoin, Ethereum, Dash, Litecoin, and Monero over 2010-2018. The author shows that these prices are cointegrated and that factors such as market beta, trading volume, and volatility appear to be significant both in short-and long-run. Attractiveness of cryptocurrencies also matters, but only in long-run. Phillips and Gorse (2018) investigate if the relationships between online and social media factors and the prices of several cryptocurrencies (Bitcoin, Ethereum, Litecoin and Monero) depend on the market regime (bubbles versus other events). The authors use wavelet coherence as a metric for the co-movement between a cryptocurrency price and the factors. The authors find that medium-term positive correlations strengthen significantly during bubble-like regimes, while short-term relationships appear to be caused by particular market events (such as hacks / security breaches).
DATA AND PRELIMINARY ANALYSIS
The data for our study was collected from the Coin Metrics site (https://coinmetrics.io/). At the time of writing, this aggregation site compiles daily data on 22 cryptocurrencies and 29 tokens. Our attention is focused only on the 5 most important cryptocurrencies, by market capitalization and trading volume, namely: Bitcoin (btc), Litecoin (ltc), Ripple (xrp), Ethereum (eth) and Bitcoin Cash (bch). (This ordering of the cryptocurrencies follows the date of launching, and not its capitalization or trading volume ranking.) For each cryptocurrency, the CSV files available at the Coin Metrics site contain the date (day), on-chain transaction volume and counts, market capitalization, price, exchange volume, generated coins and fees. The daily observations are timestamped at 00:00 UCT. The on-chain transaction volume indicates the total value of outputs on the blockchain, on a given day, i.e. the value denominated in USD that circulates on the blockchain per day. The on-chain count refers to the number of transactions occurring on the blockchain per day. As clearly stated by the site, these two series are only approximations to the actual values and thus quite noisy and incomparable between cryptocurrencies such as Bitcoin and Ethereum. Market capitalization is the unit price in USD multiplied by the number of units in circulation. Unfortunately these are also noisy time series, with the noise level being inversely related to the ratio between actual circulating units to the total number of units. Prices and exchange volumes are also denominated in USD and were collected by Coin Metrics from the CoinMarketCap site (https://coinmarketcap.com/). Generated coins are the number of new coins brought into existence per day. Lastly, fees are the amounts payed in cryptocurrency to use the blockchain. According to the Coin Metrics site, "onchain volume and transaction count can both be faked and can be tricky to estimate. Exchange volume must be viewed fairly sceptically. Market cap has a whole host of methodological issues. Generated coins and fees, however, are much more concrete."
Given that the cryptocurrencies in our sample did not come into existence all at the same time, we partitioned the overall sample (May 1, 2013, until March 14, 2018) into four segments according to the existing cryptocurrencies: S1 is the first segment (May 2, 2013 -August 7, 2013) when there is only Bitcoin and Litecoin, S2 is the second segment (August 8, 2013 -August 10, 2015) formed by btc, ltc and xrp, S3 is the third segment (August 11, 2015 -August 3, 2017) formed by btc, ltc, xrp and eth, and finally, S4 is the fourth segment (August 4, 2017 -March 14, 2018) which includes all cryptocurrencies under scrutiny. Table no . 1 presents some information on the cryptocurrencies' markets during the last segment (August 4, 2017 -March 14, 2018 . We only show the last segment because it has the most updated information and allows the comparison between all cryptocurrencies (with the caveats outlined before). On March 14, 2018, the circulating supply of Ethereum was almost at its maximum cap of 100 million units, Bitcoin and Bitcoin Cash achieved a circulating supply of 81% of its maximum, Litecoin supply was 66%, and Ripple had a circulating supply of only 39% of a maximum of approximately 100 billion units. Daily average on-chain transaction volume per count ranges from 7.78 thousand USD for Ethereum to 58.84 thousand USD for Bitcoin Cash. Bitcoin has the highest market capitalization (143.8 billion USD), followed by Ethereum (54.85 billion USD), Ripple (25.66 billion USD), Bitcoin Cash (19.38 billion USD) and Ripple (6.98 billion USD). Considering the total average market capitalization of these five cryptocurrencies, Bitcoin has a market share of 57.37%. Bitcoin also comes first in terms of exchange transaction volume (6.58 billion USD), with an exchange trading volume market share of 57.62%. The difficulty in mining Bitcoins is expressed by the small number of generated coins, especially if one takes into account the higher values of on-chain transaction volume per count, market capitalization and daily average exchange transaction volume. Although the maximum supply has almost been reached, that difficulty in mining is not visible in Ethereum (roughly 19 thousand coins are generated each day). In terms of total average daily fees, Ethereum presented a value of 771 units (1.02 per count), Bitcoin's daily fees are 296 (1.08 per count), Litecoin has fees of 97 units (1.94 per count) and the value reported for Bitcoin Cash is only 4 units (0.18 per count).
Figure no. 1 shows the evolution of the USD prices of the five cryptocurrencies. Until the end of 2016 prices were relatively low, but in 2017 prices showed an explosive behaviour. The first quarter of 2018 was marked by bearish markets. Also it is noteworthy that the price scales are quite diverse, not only between different cryptocurrencies but also for each cryptocurrency through its time path. For the overall sample, btc prices ranged from 68.5USD to 19475.8USD, ltc prices ranged from 1.15USD to 359.13USD, xrp ranged from 0.003USD to 3.36USD, eth ranged from 0.43USD to 1397.48USD and bch ranged from 212.18USD to 3909USD.
Figure no. 2 shows the data used in our empirical analysis (the daily log-returns, i.e., the first differences of the logarithms of the daily USD prices of the cryptocurrencies). However that it is just an illusory effect resulting from the difference in price scales at the beginning and end of each sample. As one can see from Figure no . 2, in the log-returns there is no discernible pattern in the volatility scale or clustering throughout the overall sampling. The descriptive statistics of the log-returns are in Table no . 2. The mean daily return ranges from 0.21% for Litecoin to 0.73% for Ethereum. The median is zero for Litecoin and Ethereum, negative for Ripple and Bitcoin Cash, and positive for Bitcoin. There has been a very high degree of variability in the prices of cryptocurrencies: the daily log-returns have varied between -0.602 (a 45% daily loss) and 1.01 (a daily gain over 170%). These two extreme values are for Ripple, but the other series' minima and maxima are not very far. In terms of standard deviation, Bitcoin Cash shows the highest value (0.115) while Bitcoin reports the lowest value (0.045). The series present positive skewness (Ripple has the highest value, 2.04), with the exception of Bitcoin (skewness of -0.127). All series present excess kurtosis, especially Litecoin and Ripple (24.8 and 26.5, respectively). Standard Augmented Dickey-Fuller tests strongly indicate that the log-price series have a unit root, whereas the first differences of the prices (the log-returns) are stationarysee Table no . 3. This result holds regardless of the assumption concerning the deterministic component (trend in log-prices and constant in log-returns, or no trend in log-prices and no deterministic term in log-returns).
FEEDBACK MEASURES AND IMPULSE RESPONSE FUNCTIONS
Our goal in this section is to determine the intensity and direction of the information flow, on a daily sample, between the five main cryptocurrencies. To that end we use a VAR modelling approach. This approach allows us to compute Geweke's feedback measures (Geweke, 1982) , which are used to assess the direction and intensity of causality, and to compute impulse responses. All estimations were performed in Gretl version 2018a.
Given that the cryptocurrencies in our sample did not come into existence all at the same time, we estimate separate VAR models for the four segments of our sample. To compute Geweke's feedback measures, for each possible pair of cryptocurrencies in each segment, we apply the following procedure. First we estimate univariate autoregressive models for each log-return series in each segment. We set the maximum lag-order of the AR model to seven. This allows for the possibility of day-of-the-week effects. Nevertheless, we do not expect the autocorrelation to be very strong, otherwise it might be possible to use the forecasts from an AR model to devise a profitable trading strategy (after taking transaction costs into consideration). The number of lags is selected by optimizing the Bayesian Information Criterion (BIC). The results are presented in Table no . 4. All estimates point to just one lag, except in the case of Ripple. For Ripple, the optimal lag length is two in S2 and three in S3. Note: The order of the autoregressive model for each series in each segment was chosen according to the Bayesian Information Criterion (BIC). The maximum number of lags allowed was 7. The order selected for the VAR model is the maximum of the lag-orders selected for the univariate models in each segment.
In the second step of our procedure we want to pair the variables and estimate a bivariate VAR model with each pair. The bivariate VAR model must encompass the univariate AR models, to make it possible to test the restrictions that lead from the VAR model to the univariate models. Consequently, we set the order of the VAR equal to the maximum order of the univariate models. Given the results presented in Table no . 4, the estimated VAR models will thus be of orders one, two, three and one in segments S1, S2, S3 and S4, respectively.
In step three of our procedure, we use the estimates from the VAR models of step two and from the AR models of step one to compute Geweke's feedback measures. The measures are the following.
Measure of lagged feedback from variable 1 to variable 2 in the pair:
Measure of lagged feedback from variable 2 to variable 1 in the pair:
Measure of contemporaneous feedback between the variables in the pair:
Measure of total feedback between the variables in the pair:
In equations (1) - (4), ̃ is the variance of the residual of the univariate AR model for the first variable in the pair under analysis, ̃ is the variance of the residual of the univariate AR model for the second variable in the pair, ̂ is the variance of the residual (of the VAR model) corresponding to the first variable in the pair, ̂ is the variance of the residual (of the VAR model) corresponding to the second variable in the pair, | | is the determinant of the variance-covariance matrix of the residuals of the VAR model. Note that ̂ and ̂ are the elements in the main diagonal of .
Under the null hypothesis that the lags of variable 1 are not significant in the equation for variable 2 (in the VAR model), ( ) asymptotically, where T is the number of observations and p is the order of the VAR model. Similarly, ( ) can be used to test the significance of the lags of variable 2 in the equation for variable 1. Thus, these two measures provide a way of testing Granger causality. For the contemporaneous feedback measure we have ( ) under the null hypothesis that there is no correlation between the error terms in the bivariate VAR model. Finally, we can use ( ) to test the null hypothesis that all the previous three hypothesis are true, i.e., that there is no linear relation (no information flowing) between the variables in the pair under analysis.
The results of applying this procedure are presented in Table no . 5 (for segments S1, S2 and S3 of our sample) and Table no. 6 (for segment S4). Notes: The results come from estimating AR and VAR models of order 1 (for S1), 2 (for S2) and 3 (for S3) -see Table no. 3. , , and are Geweke's feedback measures given by Equations (1)-(4). The asterisks denote the significance level of the product of the number of observations by Geweke's feedback measures, under Chi-square distributions with p, p, 1 and 2p+1 degrees of freedom, respectively, where p is the order of the VAR. "*": significance at the 10% significance level. "**": significance at the 5% significance level. "***": significance at the 1% significance level. The percentages in brackets are the weight of each feedback measure in the corresponding measure.
The results show that the contemporaneous measure is almost always the most important component (by far) of the feedback between the log-returns. In fact, the contemporaneous measure is not significant only in segment S3 for the pair composed of Ripple and Ethereum. Interestingly, there appears to be information concerning Bitcoin returns in lagged Litecoin returns in all segments of the sample except the first. Furthermore, in segment S4, Bitcoin returns appear to incorporate information flowing from lagged values of all the other cryptocurrencies in our sample. In segments S2 and S3 it appears that there is a close relationship between Litecoin and Ripple returns, but only the contemporaneous relation survives in segment S4. In fact, in segment S4, lagged Ripple returns appear to contain information relevant to the returns of all the other cryptocurrencies except Litecoin. (1)-(4). The asterisks denote the significance level of the product of the number of observations by Geweke's feedback measures, under Chi-square distributions with p, p, 1 and 2p+1 degrees of freedom, respectively, where p is the order of the VAR. "*": significance at the 10% significance level. "**": significance at the 5% significance level. "***": significance at the 1% significance level. The percentages in brackets are the weight of each feedback measure in the corresponding measure.
The generalized impulse-response functions (Pesaran and Shin, 1998) in Figure no . A1 to Figure no . A4 in Annex, provide an alternative way of assessing the relations between the log-returns of the cryptocurrencies. These functions confirm that there is a strong contemporaneous correlation between the log-returns. There is not much evidence of lagged effects. The clearest exceptions appear to be the above-mentioned relationship between Litecoin and Ripple with a lag of three periods, and the fact that, in segment S4, Bitcoin returns appear to overreact to contemporaneous shocks, leading to a correction in the period immediately after the shock.
CONCLUSION
This paper investigates the information transmission between the most important cryptocurrencies, namely between Bitcoin, Litecoin, Ripple, Ethereum and Bitcoin Cash, using a daily sample since May 1, 2013 , until March 14, 2018 . To that end we use a VAR modelling approach. This approach allows us to compute Geweke's feedback measures, which are used to assess the direction of causality, and to compute impulse responses.
The cryptocurrencies are closely related, and most of the information transmission occurs within the day, however some lagged information transmission is visible in our sample. It would seem reasonable to expect that Bitcoin tends to dominate the other cryptocurrencies in terms of information transmission, given its dominance in terms of trading volume, market capitalization and exchange trading volume. However, our results present some evidence against this hypothesis, with the lagged information transmission occurring mainly from the other cryptocurrencies, especially from Litecoin, to Bitcoin. Additionally, the feedback from other cryptocurrencies to Bitcoin intensified in the more recent period (August 4, 2017 to March 14, 2018 when Bitcoin returns appear to overreact to contemporaneous shocks and to correct in the day immediately after the shock. According to our results, if we had to choose, among all these five cryptocurrencies, an information transmission leader, that would be, without any doubt, Litecoin.
These results must be interpreted with caution. It might be the case that, because mining and trade validation are more difficult for Bitcoin than for other cryptocurrencies, Bitcoin prices are recorded with a greater delay. If such delay exists then our results are biased against Bitcoin. This problem is potentially more serious in 2017 and in the first quarter of 2018 when there was a Bitcoin trading frenzy.
In future work we intend to test the robustness of these results using other cryptocurrency databases available online. We also intend to investigate the determinants of the information flows between cryptocurrencies, such as, for instance, the relative trading volume, price trend and internet sentiment. 
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